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In low-light environments, owing to the restrictions of illumination conditions, images are affected by 
problems such as contrast loss, noise interference, and color distortion, which notably increase the chal-
lenge of object detection. To address the aforementioned problems, this paper proposes an improved 
method called YOLO-DMSA. First, to address the issue of capturing global information in low-light imag-
es, a Dual-Mode Adaptive Feature Extraction module is designed, enabling the efficient extraction of the 
global features of objects. Second, aiming at the problems of low attention to key regions in low-light imag-
es and significant background noise interference, Manhattan-SLA module is constructed to focus atten-
tion on key regions and suppress noise interference. Finally, considering the characteristics of large ob-
ject-scale variations in low-light environments, YOLO-DMSA upgrades the detection head to ASFFHead, 
which realizes the dynamic fusion of feature maps at diverse scales, thereby strengthening the detection 
robustness of multi-scale objects. Experimental outcomes on the DarkFace and ExDark datasets show 
that, compared with the baseline algorithm, YOLO-DMSA attains a 1.8% and 3.5% increase in mAP@0.5, 
respectively, verifying that the proposed method exhibits favorable detection performance. The code is 
available at https://github.com/Jiaqihang1/YOLO-DMSA.
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1. Introduction
Detecting objects in poorly illuminated conditions 
poses a major difficulty for computer vision sys-
tems, yet holds substantial practical importance 
across multiple domains including self-driving 
vehicles [29], surveillance systems [1], and drone-
based inspections [35]. The multiple challenges 
in object detection under low-light environments 
essentially stem from image quality degradation 
caused by insufficient illumination, and these is-
sues overlap with each other to further amplify the 
detection difficulty. In practical scenarios, insuffi-
cient illumination directly leads to the loss of image 
contrast: the differences in grayscale and brightness 
between targets and the background are significant-
ly reduced, and originally clear contour boundaries 
become blurred. For instance, in nighttime surveil-
lance, the distinguishability between pedestrians 
and dark walls drops sharply; in autonomous driv-
ing scenarios, the contrast between vehicles and 
dim road surfaces is drastically diminished. Mean-
while, interference signals such as sensor thermal 
noise and electronic noise are significantly inten-
sified in low-light environments, creating noise 
interference that further damages image details 
– during drone-based inspections, for example, the 
texture of connectors on power transmission lines 
is obscured by noise under low light, resulting in the 
loss of critical structural information. Additionally, 
insufficient illumination can cause color distortion: 
images under streetlights often exhibit a yellow-
ish or reddish color cast, leading to inaccuracies in 
target classification that relies on color features. 
These three types of issues interact with each other: 
they not only blur the boundaries between targets 
and the background but also cause massive loss of 
key image details, making it difficult for detection 
algorithms to extract effective features and great-
ly increasing the challenges in target localization 
and classification. However, traditional detection 
algorithms often suffer from severe performance 
degradation in low-light environments, leading to 
reduced equipment efficiency and potential safety 
risks. Therefore, efficient and robust low-light ob-
ject detection methods are of practical significance 
for enhancing the adaptability of intelligent devices 
to harsh environments [7].

Current approaches to object detection under low-
light conditions can be broadly divided into two cate-
gories. The first category of methods adopts a strategy 
that combines image enhancement algorithms and 
object detection. Such methods first employ image en-
hancement algorithms, such as SCINet [18], Retinex-
Net [28], and Zero-DCE [8], to improve image quality 
and offset the decline in detection accuracy caused by 
insufficient illumination. The refined images are sub-
sequently input into detection algorithms for object 
identification. For example, Xu et al. [31] developed an 
enhanced Faster-RCNN-based [22] framework spe-
cifically optimized for vehicle detection in nighttime 
scenarios. This approach integrates deformable con-
volutional networks (DCN) [3] into the Faster-RCNN 
architecture while employing Side-Aware Boundary 
Localization (SABL) [26] as an alternative to con-
ventional bounding box regression, thereby simulta-
neously enhancing detection precision in low-light 
conditions and decreasing computational overhead. 
Wang et al. [27] introduced an innovative object rec-
ognition framework for low-light scenarios by inte-
grating Deep Convolutional Generative Adversarial 
Networks (DCGAN) [19] with Faster-RCNN. Their 
methodology involves feeding nocturnal images into 
the DCGAN architecture, where adversarial learning 
between the generator and discriminator modules 
produces synthetic daytime-like representations of 
target scenes. The integrated system subsequently 
employs Faster-RCNN to boost detection accuracy 
through two complementary strategies: cross-layer 
feature integration and pyramidal ROI alignment, 
specifically designed for nighttime vision challenges. 
Ren et al. introduced YOLO-AS [21], a novel object 
detection framework specifically designed for com-
plex dark environments. This architecture effectively 
integrates the Zero-DCE image enhancement module 
with YOLOv7 [25], demonstrating significant im-
provements in both detection accuracy and multi-
scale feature representation capability in low-light 
conditions. Liu et al. proposed Dark-YOLO [16], which 
is based on YOLOv8 [23]. Through adaptive image 
enhancement, improved spatial feature pyramid, dy-
namic feature extraction, and dimensional attention 
mechanism, it demonstrates enhanced detection per-
formance in low-light environments. 
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However, the existing paradigm of sequentially ex-
ecuting image enhancement and object detection 
processes exhibits notable limitations. At the com-
putational level, an architecture in which the two 
modules are executed independently fails to share 
and reuse computing resources, resulting in severe 
computational redundancy. At the performance col-
laboration level, owing to the lack of a joint optimi-
zation mechanism, the image enhancement process 
does not fully consider the feature requirements of 
the detection network. Consequently, although the 
enhanced images exhibit better visual quality for 
human observers, they often fail to meet the optimal 
input specifications required by detection networks. 
This incompatibility constrains the performance 
improvement of low-light object detection systems.
The second category of methods focuses on improv-
ing the object detection algorithm. These methods 
directly optimize the detection model to maintain 
high accuracy under low-light conditions without 
relying on additional image enhancement modules. 
YOLO [20] represents a widely adopted approach 
within contemporary object detection frameworks. 
This architecture demonstrates superior compu-
tational efficiency compared to alternative detec-
tion methodologies and has been widely used for 
low-light object recognition. For example, Yin et al. 
developed PE-YOLO [33], an enhanced framework 
integrating Pyramid Enhancement Network (PEN-
et) architecture with YOLOv3 [6]. This approach 
employs Laplacian pyramid decomposition to pro-
gressively refine image details and low-frequency 
components across multiple scales, thereby boost-
ing detection accuracy in low-light environments. 
Liu et al. developed IA-YOLO [15], incorporating a 
novel Differentiable Image Processing (DIP) compo-
nent into the detection framework. Its parameters 
are dynamically predicted by a small CNN, enabling 
the joint optimization of image enhancement and 
object detection, thus achieving favorable detection 
performance under both foggy and low-light con-
ditions. Han et al. proposed 3L-YOLO[10] based on 
YOLOv8n, it reduces computational costs without 
requiring an image enhancement module. Wu et al. 
proposed FuDA-YOLO [30], an advanced framework 
that enhances detection accuracy in low-light envi-
ronments through domain adaptation with multi-
scale feature integration.

The second category of methods, by virtue of the 
characteristic of directly optimizing the detection 
model, exhibits strong adaptability and high effi-
ciency in low-light scenarios. Furthermore, Chen et 
al. proposed the Collaborative Compensative Trans-
former Network (CCTNet)  [2], which takes image 
patches and superpixels as visual tokens to establish 
long-range dependencies, and leverages collabora-
tive and compensative fusion transformers to asso-
ciate global context, localize object boundaries, and 
thus achieve effective feature enhancement for am-
biguous boundaries and indistinct features in low-
light scenes. Kim et al. presented the Inverse Salien-
cy Pyramid Reconstruction Network (InSPyReNet) 
[13] for high-resolution salient object detection, 
which adopts a strict saliency map image pyramid 
integrated with fusion technology to resolve effec-
tive receptive field (ERF) discrepancies, preserves 
object details without high-resolution training data, 
and mitigates detail loss and noise interference in 
low-light high-resolution image detection. However, 
current approaches have the potential for optimiza-
tion in terms of both computational efficiency and 
performance synergy. Breaking through the bottle-
necks of computational redundancy and enhance-
ment adaptability while maintaining efficient detec-
tion has become an urgent problem to be solved.
Compared with other methods, YOLOv11n [11] has 
architectural advantages in feature learning and 
multi-scale detection. Its backbone network adopts 
the C3k2 module instead of the traditional C2f mod-
ule, enhancing feature expression capability through 
a dual-branch design. The original PAN neck struc-
ture was replaced with the C3k2 module to enhance 
multi-scale feature fusion capability. Additionally, 
the decoupled head architecture was integrated with 
a novel P2 detection layer, significantly improving the 
small-object detection performance. However, imag-
es captured in low-light environments generally suf-
fer from issues such as amplified noise, reduced con-
trast, and blurred edges. The backbone network and 
neck design of YOLOv11 primarily focus on optimiz-
ing computational efficiency and multi-scale feature 
fusion, lacking robust designs tailored to address low-
light degradation. The C3k2 module enhances feature 
learning capability through a dual-branch structure, 
but it does not incorporate a noise suppression mech-
anism. This makes feature maps highly susceptible to 
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noise interference under low-light conditions, which 
impairs subsequent detection accuracy. Low-light 
environments further exacerbate the challenges of 
small object detection – problems such as small tar-
get pixel proportion and loss of texture information 
often arise. Nevertheless, the decoupled head de-
sign of YOLOv11 exhibits insufficient sensitivity to 
tiny features in low-light scenarios. The structure of 
YOLOv11 is shown in Figure 1.
In conclusion, this paper adopted YOLOv11n as the 
baseline architecture and conducted systematic 
structural enhancements to develop YOLO-DM-
SA, a novel detection framework specifically op-
timized for low-light conditions. The proposed 
method maintains the lightweight characteristics 
of the model while significantly boosting feature ex-
traction, attention focusing, and multi-scale fusion 
capabilities. Major technical innovations concen-
trate on three core aspects:
1	 To effectively overcome the limitation of the local 

receptive field of ordinary convolutions, thereby 
enhancing the ability to perceive blurred targets 
and weak boundary features in low-light images, 
improving the global modeling effect of overall fea-

Figure 1
Structure Diagram of YOLOv11 Network.

ture expression, and significantly boosting feature 
fusion capability while maintaining model infer-
ence efficiency, this paper designs a Dual-Mode 
Adaptive Feature Extraction (DMAFE) module 
and embeds it into the backbone network. This 
module replaces the original convolution module 
with a CMUNeXtBlock [24] that includes depth-
wise separable convolution and a large kernel 
structure, and introduces RepConv through Rep-
Bottleneck to support consistent reparameteriza-
tion in both training and inference phases[4].

2	 To suppress redundant interference caused by 
complex backgrounds in low-light images and make 
the model more sensitive to salient target features 
under insufficient illumination, thereby improv-
ing the robustness and accuracy of detection, the 
improved method introduces an adaptive atten-
tion fusion module, namely the Manhattan-SLA 
(MSLA) module, in the neck part. This module 
combines Manhattan Self-Attention (MaSA)[5] 
and Simplified Linear Attention (SLA)[9], em-
ploying trainable parameters to adaptively balance 
their weight outputs through dual channel-spatial 
enhancement of critical target responses.
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Figure 2
Structure Diagram of the DMAFE Module.

3	 To address the challenges of feature redundancy 
and interference while enhancing the detection 
precision for small and edge targets, the Adap-
tive Spatial Feature Fusion (ASFF) module [14] 
was integrated into the detection head, which was 
upgraded to ASFFHead. The ASFFHead enables 
spatially-adaptive weighted fusion of multi-scale 
feature maps, thereby improving the multi-scale 
object detection capability of the network. 

2. Methods
2.1. DMAFE 
Traditional convolution has limited flexibility in ex-
tracting multi-scale features because the fixed size 
of its kernels. To improve multi-scale feature rep-
resentation and computational efficiency, this pa-
per designed the DMAFE module, the architectural 
details of which are presented in Figure 2. When the 
parameter c3k=True, the DMAFE module employs 
C3k_Rep, which is suitable for tasks that require a 

larger receptive field. When c3k=False, the DMAFE 
module switches to Bottleneck_CMU and focuses on 
lightweight global feature extraction. 
The DMAFE module first improves the C3k part of 
the C3k2 module in YOLOv11n into C3k_Rep, which 
introduces RepBottleneck and replaces the first-lay-
er convolution with RepConv. Relying on its multi-
branch structure design, it captures multi-scale 
features during the training phase and is reparam-
eterized into a single branch during the inference 
phase to ensure real-time performance. The struc-
ture of C3k_Rep is shown in Figure 3. 
To facilitate concurrent extraction of global and lo-
cal features without compromising computational 
efficiency, the DMAFE module further optimizes the 
C3k2 module's bottleneck structure in YOLOv11n, 
introducing an enhanced Bottleneck_CMU. Bottle-
neck_CMU replaces the convolution in the standard 
bottleneck layer of YOLOv11n with a CMUNeXtBlock. 
The structure of CMUNeXtBlock is shown in Figure 4. 
CMUNeXtBlock adopts large convolution kernels 
and depth-wise convolutions, exhibiting excellent 

Figure 3
Structure Diagram of the C3k_Rep Module.



Information Technology and Control 2026/3/551024

performance in expanding the receptive field and cap-
turing long-distance features. Second, it introduces 
depth-wise separable convolution, which decompos-
es standard convolution into two steps: depth-wise 
convolution and point-wise convolution, significant-
ly reducing the number of parameters and computa-
tional costs, thereby lowering resource consumption. 
Furthermore, it expands the intermediate feature 
dimension through an inverted bottleneck structure, 
achieving deep fusion of spatial and channel infor-
mation. Finally, this module applies residual connec-
tions and batch normalization techniques to ensure 
the stability of model training, accelerate the conver-
gence process, and improve inference efficiency. 
In the task of object detection in low-light envi-
ronments, the DMAFE module can flexibly capture 
multi-scale features and expand the receptive field to 
address the problem of varying target scales. Mean-
while, it efficiently extracts both global and local fea-
tures to adapt to uneven feature distributions under 
low-light conditions. Additionally, its lightweight 
design improves inference efficiency, enabling the 
model to complete object detection more accurately 
and rapidly in complex low-light scenarios.

2.2. MSLA
In object detection for low-light images, the blurring 
of global features and degradation of local spatial 
structures pose significant challenges. Under insuffi-
cient lighting conditions, visual data frequently suffer 
from weakened global contrast and unclear semantic 
details, limiting the effectiveness of standard convo-
lutional operations in establishing long-range feature 
relationships. Additionally, the presence of amplified 
noise artifacts and degraded edge sharpness adverse-
ly affects the precise characterization of local spatial 
features, consequently impairing target localization 
and recognition accuracy. To address these issues, 
this paper constructs an MSLA module.
The MSLA module is an adaptive attention fusion 
module that combines two attention mechanisms: 
the MaSA and SLA modules. The MaSA module 
optimizes spatial information modeling for visual 
tasks by introducing a spatial decay matrix based on 
the Manhattan distance, which injects explicit spa-
tial priors to compensate for the insufficient spatial 
perception of traditional self-attention. In contrast, 
the SLA module implements an optimized linear at-
tention framework that employs ReLU-based kernel 
computation integrated with depthwise convolu-
tional operations to strengthen local feature repre-
sentation capabilities. It can achieve an approximate 
global attention effect with linear complexity, there-
by effectively capturing long-range dependencies.
The MSLA module constructed in this paper com-
bines these two attention mechanisms with differ-
ent advantages, leveraging their strengths to im-
prove the model's performance in object detection 
tasks under low-light environments, thereby form-
ing a more powerful and robust feature extraction 
scheme. This module adopts learnable weight pa-
rameters to adaptively adjust the contribution ratio 
of the two attention mechanisms, enabling the model 
to automatically select the most appropriate feature 
extraction strategy according to the different input 
features. Specifically, the output of the MSLA mod-
ule is obtained by the weighted summation of the 
output feature map OMasA from MaSA and the output 
feature map OSLA from SLA, as shown in Formula (1): 

SLA, as shown in Formula (1):  
O α O + (1-α) OMSLA MasA SLA= ⋅ ⋅ , , (1)

Figure 4
Structure diagram of the CMUNeXtBlock module.
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Figure 5
Working principle diagram of the ASFF module.

wherein, the weighting coefficient α is derived by 
mapping the learnable parameter αlogit through the 
sigmoid function, as shown in Formula (2):
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adaptive multi-scale feature fusion via a learnable 
weighting mechanism, allowing the network to 
dynamically focus on more important spatial positions 
and scale information. Taking ASFF-3 as an example, the 
formula for calculating its output feature map is shown in 
Formula (4): 

1 3 3 2 3 3 3 3 3+ +Y X X X .            (4) 

In the Formula (4), Y  indicates the output feature 

map of the ASFF-3 module. 
1 3X , 

2 3X , 

and 
3 3X  respectively denote the feature maps 

adjusted from each scale to the 3rd scale. 3 , 3 , 

and 3  are the weighting coefficients 
corresponding to the 1st, 2nd, and 3rd scale feature 
maps, respectively. These weighting coefficients 
are normalized to satisfy 3 + 3 + 3

=1.  denotes the element-wise multiplication 
operation, which involves multiplying the feature 

maps 
1 3X , 

2 3X , and 
3 3X  by their 

corresponding weighting coefficients 3 , 3 , 

and 3  element-wise. Finally, the fused feature 
map Y  is obtained by accumulation. 
Conflicts may arise between features of different 
scales during the feature fusion process. Small 
targets are prone to interference from targets of 
normal size, leading to a loss of information. 
Furthermore, excessive irrelevant information from 
adjacent layers may be inadvertently incorporated 
during fusion, potentially leading to detection 
failure and compromised recognition performance. 
The adaptive spatial feature fusion structure can 
effectively classify the feature maps obtained after 
feature extraction by the backbone network, 
perform adaptive learning, filter features at 
different levels, and retain and combine the useful 
information. It not only preserves the semantic 
information of high-level features but also pays 
attention to the detailed information of low-level 
features, effectively improving the situation of 
missing target feature information and making the 
detection of small and multiple targets more 
accurate. 
2.4 YOLO-DMSA 
The overall framework of YOLO-DMSA inherits 
the three-stage architecture of the YOLO series, 
consisting of three parts: backbone, neck, and head. 
The proposed approach builds upon the 
YOLOv11n architecture to achieve enhanced 
object detection performance under low-light 
conditions via specialized structural modifications. 
Its core innovation lies in the integration of the 
DMAFE module, MSLA module, and ASFFHead. 
In the backbone section, the improved DMAFE 
module replaces the original C3k2 module of 
YOLOv11n. While retaining the dual-branch 
design, it introduces lightweight global feature 
extraction capabilities. When c3k=True, the 
C3k_Rep module with a large receptive field is 
activated, replacing the first-layer convolution with 
RepConv. During the training phase, multi-scale 
features are captured through a multi-branch 
structure, and during inference, it is 
reparameterized into a single-branch structure to 
balance performance and real-time capabilities. 
When c3k=False, it switches to Bottleneck_CMU, 

 . (4)

In the Formula (4), Y indicates the output feature 
map of the ASFF-3 module. X1→3, X 2→3, and X 3→3 re-
spectively denote the feature maps adjusted from 
each scale to the 3rd scale. α3, β3, and γ3 are the weight-
ing coefficients corresponding to the 1st, 2nd, and 
3rd scale feature maps, respectively. These weight-
ing coefficients are normalized to satisfy α3+β3+γ3=1.   

 denotes the element-wise multiplication opera-
tion, which involves multiplying the feature maps 
X1→3, X 2→3, and X 3→3 by their corresponding weight-
ing coefficients α3, β3, and γ3 element-wise. Finally, 
the fused feature map Y is obtained by accumulation.
Conflicts may arise between features of different 
scales during the feature fusion process. Small tar-
gets are prone to interference from targets of normal 
size, leading to a loss of information. Furthermore, 
excessive irrelevant information from adjacent lay-
ers may be inadvertently incorporated during fusion, 
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potentially leading to detection failure and compro-
mised recognition performance. The adaptive spa-
tial feature fusion structure can effectively classify 
the feature maps obtained after feature extraction 
by the backbone network, perform adaptive learning, 
filter features at different levels, and retain and com-
bine the useful information. It not only preserves the 
semantic information of high-level features but also 
pays attention to the detailed information of low-level 
features, effectively improving the situation of miss-
ing target feature information and making the detec-
tion of small and multiple targets more accurate.

2.4. YOLO-DMSA
The overall framework of YOLO-DMSA inherits the 
three-stage architecture of the YOLO series, con-
sisting of three parts: backbone, neck, and head. The 
proposed approach builds upon the YOLOv11n ar-
chitecture to achieve enhanced object detection per-
formance under low-light conditions via specialized 
structural modifications. Its core innovation lies in 
the integration of the DMAFE module, MSLA mod-
ule, and ASFFHead.

In the backbone section, the improved DMAFE mod-
ule replaces the original C3k2 module of YOLOv11n. 
While retaining the dual-branch design, it introduc-
es lightweight global feature extraction capabilities. 
When c3k=True, the C3k_Rep module with a large 
receptive field is activated, replacing the first-lay-
er convolution with RepConv. During the training 
phase, multi-scale features are captured through 
a multi-branch structure, and during inference, it 
is reparameterized into a single-branch structure 
to balance performance and real-time capabilities. 
When c3k=False, it switches to Bottleneck_CMU, 
replacing the convolution operations in the standard 
bottleneck layer. Through the collaborative design of 
large convolution kernels and depth-wise separable 
convolutions, it significantly suppresses noise in-
terference in low-light conditions and improves the 
contour recognition of nighttime targets.
In the neck stage, the MSLA module is embedded, 
which introduces a spatial decay matrix based on 
Manhattan distance to inject explicit spatial priors 
into the attention mechanism, enabling accurate lo-
calization of blurred target boundaries under low-

Figure 6
Structure Diagram of the YOLO-DMSA Network.



1027Information Technology and Control 2026/3/55

light conditions. The MSLA module dynamically 
weights and fuses the outputs of MaSA and SLA 
through learnable parameters, allowing the net-
work to automatically adjust the feature extraction 
strategy under different lighting conditions. While 
maintaining linear computational complexity, it 
effectively addresses the issues of global semantic 
ambiguity and local structural degradation in low-
light images.
Finally, YOLO-DMSA improves the original de-
tection head into ASFFHead, which constructs in-
dependent fusion paths for different feature maps 
respectively. Through learnable parameters, it per-
forms adaptive weighted fusion on features of differ-
ent levels, suppresses the interference of cross-layer 
redundant information, and strengthens the feature 
expression of small targets and edge-blurred targets.
YOLO-DMSA enhances its capabilities in noise sup-
pression, multi-scale perception, and boundary lo-
calization significantly while maintaining real-time 
performance, achieved through three key improve-
ments: lightweight global modeling in the backbone 
network (via DMAFE), robust attention fusion in 
the neck network (via MSLA), and adaptive feature 
optimization in the detection head (via ASFFHead). 
Figure 6 illustrates the detailed architecture of the 
enhanced network structure.

3. Experimental Results
3.1. Experimental Environment and 
Evaluation Indicators
In this study, Python 3.9 was used as the program-
ming language, paired with the PyTorch 1.9.0 deep 
learning framework, and the experiments were 
conducted on the Windows 11 operating system. 
The hardware configuration included an NVIDIA 
GeForce RTX 3080 graphics card, an Intel (R) Core 
(TM) i9-10940X processor, and the CUDA 11.0 com-
puting platform.
The default hyperparameter settings are as follows: 
the number of epochs is 100, the batch size is 16, the 
optimizer used is SGD (Stochastic Gradient De-
scent), the initial learning rate is 0.001, the momen-
tum factor is set to 0.937, and the learning rate decay 
coefficient is 0.3.

Additionally, to ensure fair comparisons in this 
study’s experiments, no pre-trained weights were 
adopted for any model—all models were trained 
from scratch. For boundary box regression, the loss 
function employs CIoU (Complete Intersection 
over Union), the most widely used loss function in 
the YOLO series.
The evaluation framework incorporates five 
key metrics: precision (P), recall (R), mAP@0.5, 
mAP@0.5:0.95, the number of parameters, float-
ing-point operations (FLOPs) and Frames Per Sec-
ond (FPS). Precision refers to the model's ability to 
identify relevant targets, and the percentage of accu-
rately detected results among all detections is called 
precision. Recall is an important indicator to mea-
sure the model's ability to identify positive exam-
ples. Mean average precision (mAP) is the average of 
the detection accuracies of all categories; mAP@0.5 
refers to the Mean AP (average precision) of all cate-
gories when the Intersection over Union (IoU) is set 
to 0.5; mAP@0.5:0.95 is the average mAP at different 
IoU thresholds (from 0.5 to 0.95 with a step of 0.05); 
FLOPs represent the computational complexity 
of the model. FPS measures the model's inference 
speed, defined as the number of images processed 
by the model per second, and serves as a core met-
ric for evaluating real-time detection performance. 
The corresponding mathematical formulations are 
presented below:

TPPreccision=
TP + FP

     (5)

TPRecall=
TP + FN

              (6)             
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images) sets at an 8:1:1 ratio. The dataset features di-
verse natural light sources to ensure generalization, 
with label statistics (Figure 7) showing: training set 
sample counts per category (top-left); target bound-
ing box size/quantity distribution (top-right, reveal-
ing concentration in specific aspect ratio ranges); 
bounding box center positional distribution (bot-
tom-left, reflecting target dominance in image cen-
ters, consistent with common shooting habits); and 
target aspect ratio distribution (bottom-right, indi-
cating wide but medium-size-focused target scales).
DarkFace contains 6,000 images with a single "Per-
son" category, exhibiting more extreme low-light 
conditions than ExDark for increased detection 
challenge. It was split into training (5,000 images), 
validation (500 images), and test (500 images) sets. 
Figure 8 show most face targets are small (width: 
0–0.15, height: 0–0.3), leading to higher detection 
difficulty than ExDark.

3.3. Experimental Results of Random Seeds
This section investigates the influence of random 
seeds on model performance. In deep learning, ran-
dom seeds regulate stochastic operations, which 
may introduce minor performance variability. To 
validate the training robustness of the proposed 
model, we perform an ablation study on random 

Figure 7
Label distribution information of the ExDark dataset.

Figure 8
Label distribution information of the DarkFace dataset.

In Formulas (5, 6), TP (True Positive) refers to the 
number of cases where the prediction is positive and 
the true value is also positive; FP (False Positive) is 
the number of cases where the prediction is positive 
but the actual value is negative; FN (False Negative) 
represents the number of cases incorrectly detected 
as negative samples. In Formulas (7, 8), N is the num-
ber of categories, and APi is the average precision of 
the i-th category. In Formula (9), T is the number of 
IoU thresholds, and APt is the average precision at 
the IoU threshold t. In Formula (10), IoU denotes 
the overlap between the coordinates of the predicted 
bounding box and the ground-truth box, where Inter-
section is the area of the overlapping part of the two 
regions, and Union is the total area of the two regions.

3.2. Experimental Dataset
The experimental evaluation employs two special-
ized datasets: ExDark [17] for general low-light ob-
ject detection tasks and DarkFace [32] for low-light 
face detection scenarios. 
ExDark comprises 7,363 images captured under 10 
illumination conditions (from extremely to moder-
ately low light), annotated with 12 object categories 
(bicycle, boat, bottle, bus, car, cat, chair, cup, dog, 
motorcycle, person, table). It was split into training 
(5,884 images), validation (741 images), and test (738 
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For subsequent experiments, the default random 
seed 0 is adopted based on two considerations: (1) 
Among evaluated seeds, seed 0 yields a relatively 
superior mAP@0.5 score (0.463); (2) Employing the 
default seed 0 conforms to conventional experimen-
tal practices, enhancing result reproducibility and 
facilitating subsequent comparative analyses.

3.4. Results of Comparative Experiments

To evaluates the object detection performance of the 
proposed YOLO-DMSA method in low-light environ-
ments, this experiment compares the capability of dif-
ferent methods on the ExDark low-light dataset, includ-
ing YOLOv3-tiny, YOLOv5n, YOLOv7-tiny, YOLOv10n, 
YOLOv11n, YOLOv12n[12], RT-DETR-ResNet50 (Re-
al-Time Detection Transformer)[34] and the proposed 
YOLO-DMSA method. The comparative experimental 
results are shown in Table 2. Meanwhile, partial exper-
imental results relevant to YOLO-based models are vi-
sualized as line charts, thereby facilitating a more intu-
itive comparison of how design optimizations impact 
key metrics across iterations. The visualization results 
are illustrated in Figure 9.

Seed P R mAP@0.5 mAP@0.5:0.95

0 0.689 0.415 0.463 0.198

42 0.677 0.413 0.458 0.197

123 0.688 0.412 0.457 0.198

456 0.694 0.409 0.460 0.199

789 0.685 0.414 0.456 0.196

1000 0.682 0.411 0.458 0.198

Table 1
Experimental Results of Random Seeds on the DarkFace 
dataset.

seeds: six distinct seeds (0, 42, 123, 456, 789, 1000) 
are tested, with the model trained independently un-
der identical experimental configurations. 
Experimental findings demonstrate minimal per-
formance variability across seeds: P spans 0.677 to 
0.694, R falls within 0.409–0.415, mAP@0.5 varies 
from 0.456 to 0.463, and mAP@0.5:0.95 remains 
within 0.196–0.199. This consistency suggests the 
model exhibits low sensitivity to stochastic varia-
tions, thereby validating its strong training stability.

Figure 9
Visualization results of comparative experiments on the ExDark dataset.
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As can be seen from Table 2 and Figure 9, YO-
LO-DMSA achieves a balanced improvement in all 
metrics compared to other methods. Compared with 
the baseline network YOLOv11n, precision of YO-
LO-DMSA increases from 68.5% to 70.2%, with an 
improvement of 1.7%; recall rate rises from 54.1% to 
58.6%, an increase of 4.5%; mAP@0.5 goes up from 

60.9% to 64.4%, a boost of 3.5%; mAP@0.5:0.95 in-
creases from 36.8% to 38.9%, an improvement of 
2.1%. Although the computational complexity in-
creases from 6.3 GFLOPs to 9.6 GFLOPs and the 
number of parameters also rises slightly, the model 
still meets the requirements for real-time detec-
tion, which indicates that the improvement strat-

Figure 10
Object detection results on ExDark dataset.

Method P R mAP@0.5 mAP@0.5:0.95 Params(M) GFLOPs FPS

YOLOv3-tiny 0.664 0.526 0.576 0.326 9.53 14.3 163

YOLOv5n 0.662 0.541 0.600 0.358 2.19 5.8 93

YOLOv7-tiny 0.634 0.559 0.587 0.321 6.01 13.2 101

YOLOv10n 0.655 0.526 0.590 0.358 2.71 8.3 85

YOLOv11n 0.685 0.541 0.609 0.368 2.59 6.3 92

YOLOv12n 0.660 0.539 0.594 0.364 2.55 6.3 80

RT-DETR-ResNet50 0.701 0.567 0.627 0.388 42.76 126.7 34

YOLO-DMSA 0.702 0.586 0.644 0.389 7.10 9.6 71

Table 2
Results of comparative experiments on the ExDark dataset.
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egy is effective. Compared with methods such as 
YOLOv3-tiny, YOLOv5n, YOLOv7-tiny, YOLOv10n, 
YOLOv12n and RT-DETR-ResNet50, the mAP@0.5 
of YOLO-DMSA increases by 6.8%, 4.4%, 5.7%, 5.4%, 
5.0% and 1.7%respectively, and the mAP@0.5:0.95 
increases by 6.3%, 3.1%, 6.8%, 3.1%, 2.5% and 0.1% 
respectively. Experimental results demonstrate that 
YOLO-DMSA achieves robust object detection per-
formance in low-light environments while satisfy-
ing real-time processing requirements, establishing 
it as a viable solution for detection tasks in low-light 
environments. 
Figure 10 presents the prediction results of YO-
LO-DMSA in comparison with methods that per-
form well on the ExDark dataset, such as YOLOv5n, 
YOLOv10n, and YOLOv11n. It can be seen from 
the figure that, compared with other methods, YO-
LO-DMSA effectively mitigates issues like missed 
detections and false detections in object detection 
under low-light environments.
To better evaluate the generalization and robustness 
of the YOLO-DMSA method for object detection in 
low-light environments, this paper also conducts 

comparative experiments on the more challenging 
DarkFace low-light face detection dataset. The ex-
perimental results are shown in Table 3. Compared 
with the ExDark dataset, the mAP indicators of all 
methods generally decrease on the DarkFace data-
set, indicating that the task difficulty of the Dark-
Face dataset is significantly higher, especially in the 
strict indicator mAP@0.5:0.95. Partial experimental 
results are also visualized as line charts, and the vi-
sualization results are shown in Figure 11. 
The DarkFace evaluation demonstrates YOLO-DM-
SA's superior performance with a 48.1% mAP@0.5, 
exceeding the YOLOv11n baseline by 1.8%. Precision 
and recall metrics show respective improvements 
of 1.9% (68.9%→70.8%) and 1.4% (41.5%→42.9%). 
At the same time, it has improvements in various 
indicators compared with other methods. Notably, 
RT-DETR-ResNet50 fails to deliver satisfactory 
results in this more challenging DarkFace envi-
ronment: its bulky 42.76M parameter structure is 
prone to introducing noise interference in low-
light, low-contrast scenes, and the excessive 126.7 
GFLOPs not only slows its inference speed to a mere 

Figure 11
Visualization results of the comparative experiments on the DarkFace dataset.
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33 FPS but also restricts its capture of subtle weak-
light object features, leading to less competitive de-
tection metrics here. Figure 12 also shows the pre-
diction results of YOLO-DMSA in comparison with 
methods that perform well on the DarkFace dataset, 
such as YOLOv5n, YOLOv10n, and YOLOv11n. The 
findings of the experiment demonstrate that the pro-
posed YOLO-DMSA approach shows remarkable 

generalization ability and robustness in object de-
tection tasks within low-light conditions.

3.5. Results of Ablation Experiments
For verifying the enhancement effect of each module 
on low-light object detection, ablation experiments 
are performed on the ExDark dataset. The specific 
experimental results are shown in Table 4.

Figure 12
Object detection results on DarkFace dataset.

Method P R mAP@0.5 mAP@0.5:0.95 Params(M) GFLOPs FPS

YOLOv3-tiny 0.632 0.245 0.298 0.130 9.53 14.3 190

YOLOv5n 0.697 0.411 0.459 0.195 2.19 5.8 98

YOLOv7-tiny 0.557 0.342 0.341 0.120 6.01 13.2 144

YOLOv10n 0.667 0.417 0.462 0.206 2.71 8.3 83

YOLOv11n 0.689 0.415 0.463 0.198 2.59 6.3 98

YOLOv12n 0.682 0.405 0.446 0.190 2.55 6.3 74

RT-DETR-ResNet50 0.567 0.389 0.408 0.160 42.76 126.7 33

YOLO-DMSA 0.708 0.429 0.481 0.216 7.10 9.6 67

Table 3 
Results of comparative experiments on the DarkFace dataset.
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According to the experimental results, when the 
MSLA module is added alone, compared with the orig-
inal YOLOv11n method, the mAP@0.5 increases from 
60.9% to 62.4%, an improvement of 1.5%, and the com-
putational complexity rises from 6.3 GFLOPs to 7.2 
GFLOPs. When the DMAFE module is added alone, 
the mAP@0.5 reaches 62.0%, which is 1.1% higher 
than that of the original method, and the computation-
al complexity slightly increases to 6.6 GFLOPs. This 
module can improve the object detection accuracy in 
low-light environments to a certain extent by opti-
mizing feature fusion. When ASFFHead is introduced 
alone, the mAP@0.5 reaches 61.4%, indicating that 
its adaptive feature fusion mechanism can also bring 
gains to detection accuracy in low-light scenarios.

Furthermore, the effects of combining multi-
ple modules were tested. The mAP@0.5 of the 
YOLOv11n + MSLA + DMAFE method reached 
62.9% with a computational complexity of 7.4 
GFLOPs, indicating that the synergy of multiple 
modules strengthened feature processing to a cer-
tain extent and improved accuracy. The mAP@0.5 
of the YOLOv11n + MSLA + ASFFHead method re-
mained at 62.4%, suggesting that this combination 
did not achieve efficient gains. The mAP@0.5 of the 
YOLOv11n + DMAFE + ASFFHead method reached 
62.3%, which was an improvement compared to in-
troducing the two modules alone.
In contrast, the YOLO-DMSA method, which inte-
grates all effective modules, attained a mAP@0.5 of 

Method P R mAP@0.5 mAP@0.5:0.95 GFLOPs

YOLOv11n 0.685 0.541 0.609 0.368 6.3

YOLOv11n+MSLA 0.684 0.555 0.624 0.383 7.2

YOLOv11n+DMAFE 0.694 0.538 0.620 0.376 6.6

YOLOv11n+ASFFHead 0.687 0.546 0.614 0.366 8.5

YOLOv11n+MSLA+DMAFE 0.629 0.576 0.629 0.380 7.4

YOLOv11n+MSLA+ASFFHead 0.718 0.543 0.624 0.381 8.9

YOLOv11n+DMAFE+ASFFHead 0.708 0.538 0.623 0.377 8.8

YOLO-DMSA 0.702 0.586 0.644 0.389 9.6

Table 4 
Results of ablation experiments on the ExDark dataset.

Method P R mAP@0.5 mAP@0.5:0.95 GFLOPs

YOLOv11n 0.689 0.415 0.463 0.198 6.3

YOLOv11n+MSLA 0.670 0.424 0.469 0.208 7.2

YOLOv11n+DMAFE 0.671 0.418 0.458 0.195 6.6

YOLOv11n+ASFFHead 0.695 0.428 0.474 0.211 8.5

YOLOv11n+MSLA+DMAFE 0.698 0.427 0.473 0.211 7.4

YOLOv11n+MSLA+ASFFHead 0.697 0.429 0.477 0.215 8.9

YOLOv11n+DMAFE+ASFFHead 0.684 0.425 0.476 0.214 8.8

YOLO-DMSA 0.708 0.429 0.481 0.216 9.6

Table 5 
Results of ablation experiments on the DarkFace dataset.
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64.4% and a mAP@0.5:0.95 of 38.9%, with precision 
and recall reaching 70.2% and 58.6% respectively. 
Although the computational complexity slightly 
increased to 9.6 GFLOPs, the accuracy improved 
significantly. Experimental confirms the efficacy of 
module synergy in enhancing target recognition and 
localization capabilities under low-light conditions, 
demonstrating significant performance gains in 
challenging visual environments.
Similarly, to verify the performance of each module 
in more challenging low-light environments, abla-
tion experiments were conducted on the DarkFace 
low-light face detection dataset, and the experimen-
tal results are shown in Table 5.
According to the experimental results, compared 
with the original YOLOv11n method, after adding 
different modules, the precision, recall, mAP@0.5, 
and mAP@0.5:0.95 have generally improved to vary-
ing degrees. Although GFLOPs have increased, they 
still meet the requirements of real-time object de-
tection. This indicates that these modules also have 
strong generalization and robustness in object de-
tection tasks under low-light environments.
In summary, each module plays a unique role in ob-
ject detection for low-light images: The DMAFE 
module replaces the original convolution. By lever-
aging depth-wise separable convolutions, large con-
volution kernel structures, and reparameterization, 
it breaks through the local limitations of ordinary 
convolutions. It enhances the perception of blurred 
targets and weak boundary features in low-light con-
ditions, thereby improving global modeling and fea-
ture fusion capabilities. After the MSLA module is 
integrated into the neck part, it fuses two attention 
mechanisms and dynamically adjusts weights. This 
suppresses redundant information in complex back-
grounds, strengthens the feature response of salient 
targets under low light, and improves detection ro-
bustness and accuracy. Integrating the ASFF mod-
ule into the detection head enables spatial weighted 
fusion of multi-scale features. It alleviates feature 
redundancy and conflicts, and optimizes the detec-
tion of small targets and edge targets. When each 
module collaboratively forms YOLO-DMSA, it out-
performs the base method, single-module methods, 
and partial module combination methods in key in-
dicators such as mAP@0.5 and mAP@0.5:0.95. This 
proves that the improvement idea of significantly 

enhancing feature extraction, attention focusing, 
and multi-scale fusion capabilities while maintain-
ing lightweight through structural optimization is 
effective. The modules complement each other's ad-
vantages, making the model more adaptable to the 
needs of object detection in low-light scenarios. It 
provides a better solution for the accurate recogni-
tion and localization of targets in low-light images, 
verifying the effectiveness and rationality of the YO-
LO-DMSA method. 

4. Conclusion
To tackle issues such as insufficient contrast, loss 
of details, and noise interference in object detec-
tion for low-light images, this paper proposes an 
improved method based on YOLOv11n, namely YO-
LO-DMSA. The network is optimized from three 
aspects: receptive field expansion, feature focus-
ing, and multi-scale fusion, so as to enhance the 
model's recognition capability and robustness in 
low-light scenarios. Firstly, the designed DMAFE 
module combines depth-wise separable convolu-
tion with large convolution kernels, which expands 
the receptive field and strengthens the ability to 
model global information. Secondly, the construct-
ed MSLA module can dynamically adjust the in-
formation weight between global context and local 
details, focusing on key regions while suppressing 
noise, and maintains linear computational com-
plexity. Finally, the ASFFHead module incorpo-
rates trainable spatial weighting coefficients to 
adaptively integrate cross-scale features, signifi-
cantly enhancing multi-scale object recognition 
performance. Ablation experiments and compar-
ative experiments conducted on the DarkFace and 
ExDark datasets verify the effectiveness and ro-
bustness of the proposed method in various low-
light scenarios. Without significantly increasing 
the computational burden, this method improves 
the accuracy and stability of low-light object detec-
tion, showing promising application prospects. De-
spite the aforementioned achievements, this study 
still has certain limitations: for instance, its per-
formance in extremely low-light environments and 
complex backgrounds can be further improved, the 
real-time efficiency of the model on resource-con-
strained devices needs additional optimization, 
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and the generalization ability of the model across 
different types of low-light scenarios remains to be 
enhanced. Future research directions will there-
fore focus on several key aspects: developing more 
effective end-to-end joint optimization methods 
for low-light image enhancement and object detec-
tion, exploring dynamic network structures based 
on attention mechanisms, conducting experimen-
tal validation in more real-world scenarios.
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